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Abstract 
The lithium ion battery pack, which is filled with cells, is an important part in electric vehicles (EVs), also the main 
fault source. The inconsistent cells or the design and assembly fail of the pack could affect its performance and life or 
even endanger vehicles security in extreme situation, which makes the early fault diagnosis is essential. For further 
analysis, we introduce an equivalent circuit model (ECM) to identify the cell characteristics parameters, which supports 
the fault diagnosis by simulating the fault battery performance in dynamic cycle. According the battery working 
mechanism and the practical experience, via collecting data and preprocessing the typical data, a diagnostic method 
and model based on fuzzy neural network is proposed to discover the battery pack fault related to irreversible or 
reversible capacity loss.  
© 2014 The Authors. Published by Elsevier Ltd.  
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1. Introduction 
The electric vehicles are considered as the next generation transport widely, because of reduced 
dependence on fossil fuels and environment benefits, even though EVs have been invented earlier than the 
gasoline cars. Considering lithium ion chemistries are widely accepted as the current state of the art in terms 
of energy density and performance, large numbers lithium ion cells are serialized or paralleled, assembled 
as battery modules or battery pack, to meet the demand of driving power. Due to manufacturing 
inconsistence in EVs, the limiting of technology or operating condition, battery pack has become the main 
fault source in EVs.  
Battery packs for EVs fault diagnosis has drawn substantial research effort recently. Offer et al. [1] have 
found interconnection resistances between highly paralleled cells could have a strong effect on current flow. 
To develop this idea, Zheng et al. [2] distinguish between the internal and contact resistance increase fault 
via the Shannon entropy based diagnostic method.  
As the cells have complex electrochemical reactions, a precise and effective model based diagnostic 
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method can be developed hardly. Considering the Intelligent fault diagnosis is self-adaptive and self-
learning, Zheng [3] develops a diagnostic method based on fuzzy expert system. Liu [4] designs an open 
knowledge base, achieving the artificial knowledge and semi-automatic knowledge acquisition.  
The fault types of lithium ion pack can be classified as three kinds: measurement circuit or actuator fault, 
assemble fault and inconsistence fault. The paper highlights the capacity fade fault diagnosis for the 
inconsistent cells in battery pack. A diagnostic method based on fuzzy neural network is developed to 
distinguish the irreversible and reversible capacity fade, via capacity fade analysis and experiment data. To 
support the diagnostic method establishment, we use Thevenin ECM connecting in series, presenting the 
battery pack, to estimate battery state parameters. 
2. Cell testing and battery modeling  
The tested lithium manganese oxides polymer (C/LMO) li ion cell is applied in a range-extended electric 
vehicle, which has 156 cells in battery pack. The nominal capacity of the LiMn2O4 cell is 35 Ah, the nominal 
voltage is 3.7V and the operating voltage is 3V to 4.2V. We assume the cell hasn’t been extracted 
completely in rated SOC 0%, and the residual capacity can be represented as Q0. 
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Fig. 1. Schematic diagram and Thevenin ECM for N cells series connections; 
The ECM model resembles the Thevenin ECM. The terms in the model aren’t constants, but vary with 
the state of charge (SOC). In the model, Eoc represents the open circuit (OCV), which depends on SOC and 
temperature. Ri represents the ohmic resistance in the cell, the RC-parallel represents the effects caused by 
activation polarization or concentration polarization, and the Rp follows a power law and exponential law 
with SOC. Their relations with SOC can be summarized as functions, which are given as follows: 
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where the working voltage is empirical. And the rated state of charge can be represented as SOC, the Q’ 
is the nominal capacity, which is 35Ah in this case. The z is the reversible lithiation capacity, which is 
similar with SOC, the Qm is the maximum capacity, the it means the extracted charge. 
The open circuit voltage V-Ah curve is similar with the discharge curve and change with z, which means 
the Equation (2) can be used to describe the OCV[5]. 
0 1 2 3 4
1 1 1( 1) (1 ) ln( ) ln( )
1oc
E E k k z k k
z z z
                                     (2) 
Using this typical galvanostatic discharge at 3/C ratio V-Ah curve of the normal and capacity loss cell, 
we can extract the parameters, which are shown in Table 1. And the data of simulation and experiment was 
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shown in Fig. 2(a). 
Table 1. Main parameters of normal and capacity loss cell equations to define cell characteristics 
Normal Cell Capacity loss cell 
Parameters Values Parameters Values Parameters Values Parameters Values 
Ri 0.0018Ω b 0.00201Ω Ri 0.0023V b 0.00243Ω 
Qm 40.0585Ah d 12.83 Qm 38.2563Ah d 12.396 
 
 
Fig. 2. (a) Simulated discharge curves compared with the experiment data obtained under constant discharge ratio; (b) The 
difference voltage between the fault cells and standard cell under NEDC driving cycle; 
These functions are semi-empirical, many impact factors are simplified. The battery has no Peukert 
Effect. And the influence of temperature on the voltage and the internal resistance doesn’t represents in the 
model, which means the curve can’t keep fidelity in high discharge ratio. Using this model and experiment 
data of capacity fade cells, the parameters in equation (1) can be expressed as a function of Qm , which can 
be used for fault simulation. 
3. Fault simulation and analysis   
LMO cell is spinel li ion cell, for which capacity fade can be a noticeable problem. Some capacity loss 
is irreversible, while others are reversible. The reversible capacity fade can be called SOC Low, meanwhile 
the irreversible one is Cap Low, to distinguish two different fault cause. Via the battery model  illustrated 
in Figure 1(N=5) and the experiment data of the two kinds of cells, simulations were carried out to test the 
fault cells dynamic performance in a driving cycle transformed from NEDC (the New European Driving 
Cycle). The results at standard SOC 40%, is shown in Fig. 2(b). 
The Cap Low fault cell has a large increase in the ohmic resistance, which is consistent with the result 
discussed in literature [6]. Both the Cap Low cell and the SOC Low cell have a higher decrease in cell 
voltage. Another noteworthy consequence is that although the SOC Low and Cap Low have the lower 
working voltage compared to the standard cell, the SOC Low has a bigger deviation in voltage drop.  
Furth study shows that when the initial SOC is above that at nominal voltage, in the 1180s driving cycle 
time, the SOC change is small, can be regarded as a constant. But when the voltage decreases below the 
nominal voltage, the slope of OCV curve is relatively steep and time interval should be reduced to keep the 
constant SOC assumption. As the definition of SOC is the ratio of the remaining charge of the capacity of 
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the battery, the slope of SOC decrease in Cap Low cell is sharper than the others.  
4. Fault Diagnosis method based on fuzzy neural network 
A fuzzy neural network, where the membership function made neural network weight values have 
definite knowledge meaning, and the input characteristic variables were translated into fuzzy variables by 
fuzzy layer [7], adapted to detect the potential fault in capacity fade. The construction of the network is 
depicted in Fig. 3. The fault characteristic signals related to capacity fade are summarized in Table 2. To 
simplify the algorithm, the degree of member ship function is totally the same, at different initial SOC.  
In order to eliminate the influence of SOC on fault diagnosis, the diagnose operation is designed in 
certain sampling points of SOC. The voltage difference between the normal and faulted cell can be used to 
remove the current impact. And discharge stage and charge stage is separated. The cell voltage and the 
ohmic resistance should also been included, in considering of the correlation between those and capacity 
loss, but their weight values in fuzzy rules would be regulated. 
Taking the voltage change difference for example, the member function is the trapmf type, the specific 
points are {0, 0.014, 0.023, 0.029, 0.032, Ğ},the SOC interval is ±2.5%. 
According to the fault grading disciplines, the cell model which is discussed in the 2nd section, can 
create some certain cells. The data, which can be obtained by loading the specific working condition (CC, 
NEDC), could produce the original fuzzy neural network fault diagnosis model. And the diagnosis result 
of the trained network was shown in Table 2. 
Where S1 represents working voltage differenceˈcompared to the normal cell voltage in different SOC 
points, S2 represents the voltage change difference in the SOC interval, S3 represents the mean ohmic 
resistance in the SOC interval, and S4 represents the mean working voltage. Fuzzy fault set is {N (Normal), 
SS (slightly serious), VS (very serious)}. F1 represent the possibility of reversible capacity fault, F2 
represents the irreversible one. And Likelihood fuzzy set of the fault cause, divided into four levels via the 
degree of membership, is {(probable (A), possible (B), occasional (C), impossible (D)}. 
5. Conclusion 
This paper proposes an equation to describe the battery’s dynamic behavior with respect to current 
variation and the battery’s SOC. To define the parameters, such as SOC and the maximum capacity of the 
cell, a rough and empirical method is presented. Via the model discussed above, the typical data related to 
the battery capacity fade fault are simulated to analysis the fault type and extract the fault characteristic 
signals in the volt descent and ascent periods. At last, we use a fuzzy neural network to distinguish the 
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Fig. 3. The construction of the fuzzy neural network 
Table 2. The discharge stage diagnosis result of trained fuzzy 
network(portion) 
Fault characteristic signals Fault cause 
SOC S1 S2 S3 S4 F1 F2 
75% N N N N D D 
55% SS SS N SS A D 
45% S S SS S C A 
40% S S SS N B C 
35% S S SS N A D 
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irreversible and reversible capacity loss fault.  
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